Downscaling of climate projections is the most adapted method to assess the impacts of climate change at regional and local scales. This study utilized both spatial and temporal downscaling approaches to develop intensity-duration-frequency (IDF) relations for sub-daily rainfall extremes in the Perth airport area. A multiple regression-based statistical downscaling model tool was used for spatial downscaling of daily rainfall using general circulation models (GCMs) (Hadley Centre's GCM and Canadian Global Climate Model) climate variables. A simple scaling regime was identified for 30 minutes to 24 hours duration of observed annual maximum (AM) rainfall. Then, statistical properties of sub-daily AM rainfall were estimated by scaling an invariant model based on the generalized extreme value distribution. RMSE, Nash-Sutcliffe efficiency coefficient and percentage bias values were estimated to check the accuracy of downscaled sub-daily rainfall. This proved the capability of the proposed approach in developing a linkage between large-scale GCM daily variables and extreme sub-daily rainfall events at a given location. Finally IDF curves were developed for future periods, which show similar extreme rainfall decreasing trends for the 2020s, 2050s and 2080s for both GCMs.
Introduction
Determining modifications in design storms due to climate change has become one of the major problems in urban drainage design. The design storms based on intensity-duration-frequency (IDF) relations that are presently used by hydrologists were developed decades ago based on past rainfall records, and these relations are developed without considering the changing climate conditions. Urban developers in most areas need to evaluate the impacts of climate change on urban hydrological processes. Consequently, there is a great need to develop IDF curves under climate change scenarios to facilitate future catchment investigations.
In assessing the effects of climate change on the development of IDF relations for future periods, the accuracy of climate predictors is very important. It has been recognized that general circulation models (GCMs) represent the main features of the global circulation of basic climate parameters; however, these models can not yet reproduce detailed regional climate conditions at the temporal and spatial scales of relevance to hydrological studies (Xu 1999 , Nguyen et al. 2006 . According to the recent literature, spatial and temporal ranges vary widely in the present GCMs and regional climate models (RCMs) (Willems and Vrac 2011) . Current resolutions are still not able to fulfil high-resolution data requirements in urban hydrological assessments. To fill the gap between the coarse-resolution output of GCMs/RCMs and the high-resolution data requirement of hydrological assessments, downscaling techniques are employed as a bridge. However, uncertainty associated with climate change impact assessment is relatively high. The main sources of uncertainty can be identified as GCM and scenario selection, downscaling technique and model construction, bias-correction technique selection, probability distribution and parameter estimation method selection to model extreme events, etc. Therefore, when using downscaling approaches for the derived projection, users need to be well aware of the uncertainty associated with the projections (Sachindra et al. 2014 ).
Downscaling methods, as reviewed in Wilby and Wigley (1997) , Mearns et al. (2003) and Wilby et al. (2004) can be divided into four general categories: regression methods (Hewitson and Crane 1996, Wilby et al. 1999) , weather pattern approaches (Yarnal et al. 2001) , stochastic weather generators (Richardson 1981 , Racsko et al. 1991 , Semenov and Barrow 1997 , Bates et al. 1998 ) and limited-area regional climate models (Mearns et al. 2003) . The first three types could be categorized under statistical downscaling, which is based on the assumption that regional climate is affected by the local physiographic characteristics as well as the largescale atmospheric state (Hessami et al. 2008) . Limited-area RCM with fine computational grids could be categorized under dynamic downscaling. Due to their low computational cost, statistical downscaling techniques are very popular in climate change impact assessment studies (Khan et al. 2006) .
Many statistical procedures available in the literature are currently employed to formulate predictor-predictand relationships, such as linear and nonlinear regression, canonical correlation, artificial neural networks and principal components analyses (Wilby et al. 2002) . Among them, the statistical downscaling model (SDSM) proposed by Wilby et al. (2002) is the most popular tool based on the regression concept (Khalili et al. 2013) . According to comparisons of SDSM rainfall downscaling performance with the Long Ashton Research Station Weather Generator (LARS-WG) model (Hashmi et al. 2011) , artificial neural network (ANN) model (Khan et al. 2006) , and the smooth support vector machine (Chen et al. 2012) , SDSM shows high performance in future rainfall downscaling.
Temporal downscaling of spatially downscaled rainfall is equally important in hydrological assessments, especially for small urban watersheds. In particular, the development of the IDF relations for sub-daily extreme rainfall is required for planning and design of urban drainage systems. In the existing literature there are only few approaches that have addressed the temporal downscaling scenario , Kumar et al. 2012 , Willems et al. 2012 ) and most of the downscaling studies have been limited to spatial downscaling , Tripathi et al. 2006 .
Therefore, the main objective of this study is to develop a combined approach of spatial and temporal downscaling to estimate sub-daily extreme rainfall for future periods. Further, the study aims to develop IDF curves to assist hydrologists in estimating design storms when taking future climate change into account. The results of the study will be helpful in the assessment of climate change impacts on urban water resources, which needs fine spatial resolution and sub-daily temporal rainfall data.
Study area and datasets
Accuracy, length and frequency of past rainfall records are the most important parameters in any kind of statistical downscaling study. Record length and frequency of rainfall for the Perth airport rainfall observation station are higher than for other rainfall stations in Western Australia. Therefore, Perth airport rainfall data have been selected for this study. Rainfall data for 24-hour and 6-minute observations for the 1961-1990 period were collected from the Bureau of Meteorology (BoM). In addition to observed data, Hadley Centre's GCM (HadCM3) and Canadian Global Climate Model (CGCM3) data for the periods 1961-2099 and 1961-2100, respectively, under A2 emission scenarios are considered for the assessment. To calibrate and validate the proposed downscaling model, NCEP reanalysed datasets corresponding to the HadCM3 and CGCM3 computational grids (atmospheric domain) for 1961-1990 were obtained from the Canadian Climate Change Scenarios Network (CCCSN). The study area, HadCM3 and CGCM3 grid distributions are presented in Figure 1 .
Methodology
The methodology has been divided into two separate steps: spatial downscaling and temporal downscaling. By a spatial downscaling process, it is possible to describe the linkage between the coarse-resolution climate predictors given by GCMs and the rainfall characteristics at a given local site using the SDSM method. The temporal resolution of the SDSM model output is limited to 1 day. Hence, the SDSM outputs need to be subjected to temporal downscaling to obtain the sub-daily extreme rainfall required for the development of the IDF relations. In the literature the generalized extreme value (GEV) distribution has been widely used to model extreme rainfall events (Nguyen et al. 1998, Overeem al. 2008) . In this study a GEV-based temporal downscaling approach developed by Nguyen et al. (2002) is followed to estimate extreme sub-daily rainfall values.
Spatial downscaling
The statistical downscaling model (SDSM) proposed by Wilby et al. (2002) is a multiple regression-based statistical tool. Furthermore, SDSM is a station(point)-based downscaling approach which describes the linkage between the daily coarse-scale GCM climate predictors and the daily local rainfall (the predictand). This statistical downscaling tool is a combination of the stochastic weather generator approach and a transfer function model with high performance in capturing future inter-annual variability Wilby et al. (2002) . The data requirements for the SDSM tool include two aspects: local predictands of interest, and the GCM/NCEP predictors with coarse resolution. Daily rainfall, daily minimum temperature and daily maximum temperature are widely used as predictands in the literature. In this study, daily rainfall for Perth airport is selected as the predictand. To select the predictors, SDSM facilitates screening the predictor-predictand correlation through linear correlation analysis by percentage of explained variance (E%), correlation matrix and scatter plots. Predictor-predictand correlation in rainfall downscaling is generally weak compared to the correlation in temperature downscaling (Wilby et al. 2002 , Hashmi et al. 2011 .
Bias correction of annual maximum daily rainfall downscaled by SDSM
In most rainfall modelling in the context of climate change, bias corrections are required to obtain accurate results. In this study a regression-based bias-correction technique is used to improve the accuracy of spatially downscaled annual maximum daily rainfall. The literature shows that similar biascorrection approaches have been successfully applied in extreme rainfall downscaling studies .
Equations (1) and (2) describe the bias-correction approach applied in this study:
where P τ denotes the adjusted daily annual maximum rainfall at a probability level τ, P 0τ denotes the corresponding GCM-SDSM estimated annual maximum daily rainfall and e τ denotes the residual (bias) associated with P 0τ .
Then, e τ is estimated using the third-order regression function as follows:
where a, b, c and d are the parameters of the regression function, and e is the resulting error term.
Temporal downscaling (temporal disaggregation)
The GEV distribution is used to model annual maximum rainfall and the cumulative distribution function F x ð Þ for the GEV distribution is given as:
for κ ≠ 0, where , α and κ are known as the GEV parameters for location, scale and shape, respectively. In the literature, a few different methods are available for estimating the GEV parameters: method of probabilityweighted moments (Hosking et al. 1985) , maximum likelihood estimation (Phien and Fang 1989) , method of L-moments (Hosking 1990 ) and non-central moments (NCM) (Nguyen et al. 1998) . For the temporal downscaling of spatially downscaled daily data, the NCM is used in this study as it is the most appropriate method to use with the scale-invariance concept (Nguyen et al. 1998 (Nguyen et al. , 2002 to describe the proposed downscaling approach.
Estimation of GEV parameters using non-central moments
The kth order NCM (μ k ) of the GEV distribution (for κ ≠ 0) is:
where Γ(.) is the gamma function. Using Equation (4), it is possible to derive three equations for the first three NCMs to estimate the parameters of the GEV distribution. Further, the quantiles, X T , have been defined as:
where, p = 1/T is the exceedence probability of interest.
GEV parameter scaling
Assuming the function F x ð Þ is proportional to a scaling function F λx ð Þ for all positive value of scale factor λ ð Þ, the following relation has been derived (Feder 1988) :
. Based on the above concept, relationships for kth-order NCM, μ k , of variable x have been derived (Gupta and Waymire 1990) :
by applying these scaling properties, the statistical properties (parameters) of the GEV distributions for two different time scales of "t" and "λt" can be defined:
where μ1 λt and μ1 t are the first NCMs of observed annual maximum rainfall for periods λt and t, respectively (Nguyen et al. 1998 ). Based on these relationships, statistical properties of subdaily extreme rainfall are derived using statistical properties of daily extreme rainfall. Further, using Equation (5), quantiles can be estimated for different return periods by varying the P value. Finally, estimated daily and sub-daily quantiles for different return periods are utilized to develop IDF curves for the region of study.
Results and discussion

Calibration and validation of the SDSM model
Observed daily rainfall data from the Perth airport raingauge station and NCEP reanalysed data are used to develop a predictor-predictand relationship. Based on previous rainfall downscaling studies (Hessami et al. 2008 , Artlert et al. 2013 ), NCEP predictors (Table 1) relevant to HadCM3 and CGCM3 are selected for predictor-predictand correlation analysis. The SDSM model is calibrated for the 1961-1975 period and is carried out on a monthly basis. Data for the 1976-1990 period are used for validation of the model. The wet day threshold is selected as 0.3 mm/d (Buishand 1978 , Harrold et al. 2003 , Mehrotra et al. 2004 . Considering the skewness of rainfall distribution, the fourth-root transformation is used for model calibration.
To select the most appropriate predictors, the following procedure is used:
• Initially all selected atmospheric variables in the region are subjected to the predictor selection analysis. Scatter plot, correlation analysis and explained variance facilities are employed, and the confidence level is taken as 0.05 for the analysis. • Using predictor selection analysis, mean sea-level pressure, geopotential height at 500 hPa, geopotential height at 850 hPa, relative humidity at 500 hPa and near-surface relative humidity are selected as significant predictors for NCEP-HadCM. Surface zonal velocity and airflow strength at 850 hPa are selected for NCEP-CGCM. The validity of selected predictors is confirmed by varying the time slices for predictor-predictand correlation analysis (Sachindra et al. 2013 ). • Explained variance (E%), which describes the correlation between predictor and predictand, is varied between 8 and 49% for NCEP-HadCM and 6 and 46% for NCEP-CGCM for 12 months. • The calibrated and validated SDSM model is used to simulate daily precipitation using HadCM3-A2 and CGCM3-A2 scenario outputs. In this step, normalized GCM predictors (relevant to the NCEP predictors) are used to simulate daily precipitation.
Bias correction
Even though the SDSM model is capable of simulating spatially downscaled daily rainfall average values, it is unable to downscale highly accurate annual extreme rainfall series for a long time period. Specifically, when the different climate factors (which are not considered in SDSM predictor selection) lead to an extremely high rainfall event in a specific year, significant differences can be identified between downscaled and observed rainfall depths. Therefore, spatially downscaled daily maximum rainfall should be subjected to a bias correction to obtain highaccuracy annual maximum rainfall series.
To minimize the bias associated with spatially downscaled daily data, a regression relationship is developed between simulated annual maximum daily rainfall and the bias for the calibration period (1961) (1962) (1963) (1964) (1965) (1966) (1967) (1968) (1969) (1970) (1971) (1972) (1973) (1974) (1975) . As a first step in the bias-correction process, associated bias [difference between annual maximum downscaled rainfall (mean of annual maximum rainfall of 100 ensembles) and observed rainfall] at probability level τ is calculated. Then the regression function is developed to describe the bias associated with downscaled rainfall. Finally, downscaled rainfall is adjusted by estimated bias at all probability levels. Figure 2 shows fitted third-order regression functions for bias associated with HadCM3-A2 and CGCM3-A2 simulated values. According to Figure 2 , when the SDSM simulated value is in the 50-60 mm range, it shows the lowest bias for both GCMs. Furthermore, the bias values for the highest simulated SDSM values show significantly high values. Similar behaviour for an SDSM model is reported by other researchers .
Bias-corrected annual maximum daily rainfall data have been used to produce probability plots to confirm the accuracy of the developed bias correction. Figure 3 shows the probability plots of observed annual maximum daily rainfall and simulated rainfall from HadCM3-A2 and CGCM3-A2 for the calibration period. According to Figure 3 , without bias correction, the annual maximum daily rainfall simulated by HadCM3-A2 and CGCM3-A2 does not show strong agreement with the observed data. By applying a third-order biascorrection function, strong agreement with the observed annual maximum rainfall could be obtained, verifying the accuracy of the proposed bias-correction functions. Furthermore, to confirm the accuracy of the developed bias-correction functions, the same function (developed for the calibration period) is applied to the validation period. Figure 4 presents the probability plots of annual maximum daily observed rainfall and simulated rainfall from HadCM3-A2 and CGCM3-A2 for the validation period (1976) (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) . Moreover, Figure 4 confirms the suitability of the proposed third-order bias-correction functions in rectifying the associated bias with SDSM estimations for the validation period. In addition to visual confirmation of bias rectification, goodness-of-fit tests are carried out on originally downscaled and bias-corrected rainfall compared with observed data. Calculated RMSE, Nash-Sutcliffe efficiency coefficient (N-S) and percentage bias (P-bias) values are shown in Table 2 . These goodness-of-fit tests confirm that significant improvement can be made by applying third-order bias correction to the downscaled annual maximum daily rainfall over the calibration and validation periods. By considering the accuracy of the developed bias-correction functions, they can be utilized to improve the accuracy of simulated annual maximum daily rainfall for future periods.
Temporal downscaling
Spatially downscaled rainfall is subjected to a temporal downscaling process to develop IDF relations for sub-daily extreme rainfall. Identifying the scaling behaviour of the observed annual maximum rainfall series is the main requirement of the temporal downscaling approach. To identify the scaling time regime of observed rainfall for the 1961-1990 period, a log-log plot of the first three non-central moments of the observed annual maximum rainfall against rainfall duration is developed (Fig. 5 ). According to Figure 5 , a power-law dependency of rainfall statistical moments with duration is observed, and it is identified in one time regime (30 minutes to 24 hours). In addition, the behaviour of the scaling exponent (λ β ) of the first three non-central moments of the observed annual maximum rainfall is assessed and it is shown in Figure 6 . This figure depicts the linearity of the scaling exponent with the moment order. These linear relationships verify the applicability of the simple scaling model to describe extreme sub-daily rainfall events using available daily extreme rainfall.
Before applying the scaling concept to daily extreme rainfall data, the suitability of the GEV distribution to describe the annual maximum daily rainfall is analysed using a visual plot of fitted GEV (cumulative distribution) function against observed annual maximum rainfall data. Figure 7 shows that the GEV fits the observed annual maximum daily data well, which confirms the applicability of GEV to describe the statistical properties of annual maximum daily rainfall series for Perth airport raingauge station.
Next, the verified scaling concept is applied to obtain the statistical properties of GEV distributions that describe the sub-daily annual maximum rainfall. Figure 8 illustrates the capability of the scaling model to reproduce sub-daily extreme rainfall series. Figure 8(a) portrays the comparison between the observed 30-minute rainfall extremes and values estimated by the at-site fitted GEV and by the scaling GEV distribution. According to the closeness of the estimated values to the perfect fit (45°) line, the suitability of the proposed scaling method for sub-daily extreme modelling is verified. Further, Figure 8(b) illustrates the accuracy of estimating sub-daily rainfall by scaling bias-corrected daily HadCM3-A2 simulated data. In Figure 8(b) , the Q-Q plot of the HadCM3-A2 estimation (bias-corrected) and observed traditionally fit series shows the high accuracy of the scaling method in sub-daily rainfall estimation. Similar results are also observed for the CGCM3-A2 simulation. To further evaluate the performance of the constructed models, Table 2 . Accuracy of proposed bias correction in terms of goodness-of-fit tests. of-fit test GCM 1961 of-fit test GCM -1975 of-fit test GCM 1976 of-fit test GCM -1990 Before bias correction
Goodness
After bias correction
Before bias correction Figure 5 . The log-log plot of the first three NCMs of observed annual maximum rainfall versus duration for the period 1961-1990. Figure 6 . Scaling exponent of the first three NCMs.
RMSE, N-S coefficient and P-bias values are estimated for the 1961-1990 period between observed sub-daily rainfall and downscaled rainfall. Calculated coefficients are included in Table 3 . Estimated RMSE values for sub-daily rainfall using HadCM3 and CGCM3 vary between 1.28 and 4.53, and 1.31 and 4.7, respectively. Calculated N-S coefficients are very close to 1 (0.85-0.93 for HadCM3-A2 and 0.83-0.92 for CGCM3-A2) and P-bias coefficients are very close to 0 (−0.01-0.06 and 0.01-0.08 for HadCM3 and CGCM3, respectively). These agreements confirm the accuracy of the proposed spatial and temporal downscaling approach in estimating the sub-daily annual maximum extreme rainfall for Perth airport region.
Future extreme rainfall patterns
To evaluate the trend of daily and sub-daily annual maximum rainfall for future periods, the same approach is applied to the bias-corrected annual maximum daily rainfall series simulated by HadCM3-A2 and CGCM3-A2. In temporal downscaling, it is assumed that scaling factors calculated for the 1960-1990 period remain constant for future periods. (As climate change is a long-term process, the impact of climate change is countered in the present scaling factors). Figure 9 shows the probability plots of 1-hour annual maximum rainfall estimated from the downscaled annual maximum daily rainfall using the HadCM3-A2 and CGCM3-A2 simulation results. According to Figure 9 , downscaled results using the HadCM3-A2 scenario show lower variation of extreme rainfall magnitudes than those using the CGCM3-A2 scenario. A similar pattern is identified for HadCM3 and CGCM3 in the literature ). Furthermore, downscaled extreme rainfall from HadCM3-A2 shows different patterns for different return periods (i.e. extreme rainfall for the 2080s shows the lowest value for low return periods and for the 1961-1990 period shows the lowest value for high return periods). Extreme rainfall obtained by downscaling CGCM3-A2 shows a very clear decreasing trend of extreme rainfall magnitude over future periods. Moreover, it can be seen that both HadCM3-A2 and CGCM3-A2 predict the same decreasing trend of extreme rainfall for future periods (2020s, 2050s and 2080s). Both GCMs give the highest extreme rainfall for the 2020s (2011-2040), less for the 2050s (2041-2070) and lowest for the 2080s (2071-2100) for Perth airport. Similar trends of future extreme rainfall events have been identified by other studies in the same area (Jakob et al. 2012) .
IDF relations using estimated sub-daily extreme rainfall
As IDF relations taking climate change impacts into account will be useful for hydrologists and water resources engineers in considering such impacts on future hydrological assessments, the main aim of this study is to develop IDF relations. Sub-daily extreme rainfall produced by the proposed spatial-temporal downscaling approach is used to develop IDF relations for Perth airport station for current and future periods. For illustrative purposes, Figure 10 presents the developed IDF curves for the 2020s, 2050s and 2080s using downscaled HadCM3-A2 rainfall. In most urban drainage network design, intensity of 1 hour rainfall for different return periods is used as a design parameter. Therefore, intensity of 1 hour rainfall events is studied for these periods. The intensities for the 2020s have the highest values, the 2050s and 2080s have lower values. Future 1 hour intensity deduction percentages for different return periods (5, 10, 20, 50 and 100 years) are presented in Table 4 . Downscaled 1 hour intensities using HadCM3-A2 and CGCM3-A2 for the 2050s and 2080s are compared with 2020s intensities; both GCMs show decreasing trends for future rainfall. Percentage reductions of the HadCM3-A2 downscaled intensities for the 2050s and 2080s vary between 3.9 and 4.4%, and 7 and 6.5%, respectively. Percentage reductions of the intensities downscaled by CGCM-A2 take higher values than those by HadCM3-A2: 3.7-4.7% for the 2050s and 9.4-10.8% for the 2080s. These results differ from the generally accepted effects of greenhouse gas (GHG) emissions, which tend to increase extreme rainfall events. The main reason for this difference is the impact of downscaling the rainfall over a point location. This can vary from the general behaviour of the gridded forecast of GCMs. Further, the proportional relationship between daily extreme rainfall and temperature (mean or maximum) follows the Clausius-Clapeyron (C-C relation) scaling relation and is valid only for a limited range of temperature (Jones et al. 2010) . When the temperature is high, the extreme rainfall tends to decline. Moreover, the literature shows a similar trend of extreme rainfall events in this region for future periods (Jakob et al. 2012 ). These IDF relations taking climate change impacts into account will allow hydrologists to bring the impacts into their designs and take more accurate engineering decisions. Also, updated IDF curves are important for reducing risk in the decision-making process by water resources engineers in hydrological assessment, by considering climate change impacts on future hydrological designs. Therefore, the IDF curves developed in this study should attract significant attention among professionals and the public and will be useful in designing future water resources infrastructure.
Conclusions
Spatial and temporal downscaling of data on extreme rainfall triggered by climate change are essential for the estimation of design storms in the context of climate change. This study develops an approach to downscale short-time extreme rainfall to update the IDF curves in order to assess the impacts of climate change on design storms. The NCEP reanalysed data, HadCM3-A2 and CGCM3-A2 climate predictor data and the daily and sub-daily observed rainfall data for Perth airport raingauge station are used to assess the feasibility and accuracy of the proposed spatial-temporal downscaling approach.
This study is carried out in two major steps: spatial downscaling of the daily rainfall process using the statistical downscaling model (SDSM); and temporal downscaling of spatially downscaled daily rainfall using an approach based on a scaling concept. The SDSM model is successfully calibrated for the 1961-1975 period and validated for the 1976-1990 period, confirming that the SDSM model is useful in describing some fundamental statistical properties of the daily rainfall process. However, the downscaled annual daily maximum rainfall is not accurate when compared to the observed data. Hence, a biascorrection procedure is proposed to improve the accuracy of the downscaled rainfall. Accuracy of the proposed bias-correction procedure is evaluated by goodness-of-fit tests and visual plotting. Results show that strong agreement between observed and downscaled daily maximum rainfall could be achieved, based on the proposed third-order bias-correction function.
Furthermore, the annual maximum rainfall data for Perth airport raingauge station are found to display a simple scaling regime within the time interval from 30 minutes to 24 hours. A temporal downscaling method is then proposed based on the scaling of the GEV distribution to downscale the observed annual maximum daily rainfall to sub-daily values. Results for the annual maximum rainfall data indicate the accuracy of the suggested temporal downscaling procedure. Accuracy of the estimated sub-daily extreme rainfall for different return intervals is checked using RMSE, Nash-Sutcliffe efficiency coefficient (N-S) and percentage bias (P-bias) values. Estimated RMSE values for sub-daily rainfall are 1.28-4.53 and 1.31-4.7; N-S coefficients are 0.85-0.93 and 0.83-0.92; and P-bias coefficients are −0.01-0.06 and 0.01-0.08 for HadCM3 and CGCM3, respectively. These accurate results demonstrate the feasibility of establishing linkages between daily downscaled rainfall and the sub-daily extreme rainfall at a given local site. Finally, IDF curves are developed for future periods by means of linkages between daily predictors of GCMs and extreme sub-daily rainfall at Perth airport. The developed IDF curves show a similar extreme rainfall decreasing trend for the 2020s, 2050s and 2080s for both GCMs. Reduction of 1 hour rainfall intensity from the 2020s to 2050s and 2080s for HadCM3-A2 is estimated as 3.9-4.4% and 6.5-7%, respectively, whereas this change for CGCM-A2 is estimated as 3.7-4.7% and 9.4-10.8%, respectively.
The outcome of the study highlights the importance of the proposed spatial-temporal downscaling approach, which could be useful in assessing the impacts of climate change on hydrological designs and water resources assessments. 
